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Popularity information is usually thought to have a great impact on individual’s decision 
making and choice. However, most of the websites are displaying products by its 
popularity. This could potentially result in the popularity effect being overestimated 
because popularity is confounded with position when they are sorted in the descending 
order. In this paper, we try to fill this gap in literature by bridging together popularity 
effect and position effect to understand whether popularity effect overcomes position 
effect. By conducting a series of lab experiments, our results suggest that popularity effect 
is overestimated in prior studies, and its effect becomes less salient when we consider the 
position effect. Our results have both theoretical implication and practical implication for 
the website designer. 
Keywords:  popularity, position effect, observational learning, experiment 
 
Introduction 
Internet has allowed consumers to access more information than they used to have. Specifically, online 
platforms make it much easier for people to observe others’ opinion and/or purchase decision. Crowd’s 
aggregated opinion or decision is often referred to as the popularity information (Tucker and Zhang 2011). 
Popularity information has particularly enhanced consumer’s knowledge about the products whose quality 
is unknown before consuming it (Huang et al. 2009). Without having such information signals, it is hard 
for consumers to make a “successful” decision before facing a few “failures”. Press reports and academic 
research have addressed the importance of popularity information for consumer’s decision making in 
various different contexts (Barker 2017; Burtch et al. 2013; Fullerton 2017; Zhang and Liu 2012). The effect 
of popularity information on consumer’s behavior can be referred as “popularity effect”. 
Of particular interest is the role of such popularity signals in the taste-related product industry (i.e. 
music, book and movies) where consumers face significant uncertainty about which product to consume. 
Extant research has shown that popularity information plays a significant role in influencing consumer’s 
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behavior in the taste-related product (Dewan et al. 2017; Dewan and Ramaprasad 2012; Salganik et al. 
2006). It has been shown that consumers’ music sampling/listening decisions are largely driven by the 
crowd or their friends’ behavior. While popularity information has brought many benefits to the consumers, 
the flip side of it is the problem of increased inequality, as known as “rich-get-richer” effect. Among the 
factors that are causing this “rich get richer” effect, one thing that has often been overlooked is the position 
effect. 
The position effect, which refers to the impact of the position of an alternative within a sequential list on 
consumer’s behavior, has also been documented in various contexts. For example, researchers have shown 
that, in the context of online search, consumers have a strong tendency to search from top to bottom and 
they usually stop at the first few search pages (Granka et al. 2004; Lorigo et al. 2008; ). As most websites 
list products in the order of popularity (often referred to as “most popular”), it is difficult to isolate the 
impact of popularity over and above the impact of position using secondary data. Due to the confounding 
of the popularity effect with position effect, it is likely that prior research has overestimated the popularity 
effect. We extend prior literature by experimentally teasing out the position effect to assess how strongly 
consumers’ decisions are driven by actual popularity information.  
To summarize, the paper addresses the following research question: 
1. How do consumers search when popularity information is aligned with position and when it is 
not aligned with position? 
2. Does popularity overcome position effect in the random popularity condition? 
 This paper proceeds as follows. Section 2 provides a brief literature review focusing on the two effects. 
Section 3 develops our hypotheses. Section 4 and 5 describes the experiment and the methods. Section 6 
reports our results regarding the first research question. We conclude and discuss our contributions and 
managerial implications in Section 7. 
RELEVENT LITERATURE  
2.1 Popularity Effect 
Popularity effect is the consequence of how people use popularity information, which is defined as crowd’s 
aggregated opinion or decision (Dewan et al. 2017; Tucker and Zhang 2011). The popularity effect we define 
here mostly focus on individual’s pre-purchase decisions, which is often referred to as the observational 
learning in the literature. We consider post-purchase information, such as word-of-mouth (WOM), as a 
proxy for popularity effect. Therefore, it is not the taken into account in this paper.  
With limited information available, people tend to follow what others are doing (popularity) instead of using 
their own judgement or even ignore their private information (Banerjee 1992; Bikhchandani et al. 1992). 
This popularity effect is stronger when people are uncertain about the product quality. Researchers have 
studied popularity effect in many contexts, including music, software product, yellow pages, and restaurant. 
By using the total number of listens by previous users as a popularity measurement, Dewan et al. (2017) 
and  Dewan and Ramaprasad (2012) show that popularity strongly influences people’s subsequent listening 
behavior. Duan et al. (2009) show that online users’ choices of software products exhibit distinct jumps and 
drops with changes in download ranking, which follows the information cascade prediction. Tucker and 
Zhang (2011) show that a niche online vendor in the online yellow page receives more visits than popular 
vendor after popularity information is presented.. Cai et al. (2009) show that displaying popularity 
information of dishes can increase people’s choice of that dish. By studying both pre-purchase aggregate 
information and post-purchase aggregate information, Chen et al. (2011) find that positive observational 
learning information significantly increases sales.  
2.2 Position Effect 
Position effect or position bias refers to the phenomenon where people pay more attention to items at the 
top of a web page or a list of items. Researchers have studied position effect in many contexts. The first 
context focuses on online advertising and sponsor search. Advertisers with higher quality goods usually 
spend more on advertising and at the same time consumers tend to use advertising expenses as a signal of 
quality (Nelson 1974). Several research has shown that consumers are using advertising position as a signal 
of quality, therefore they are more likely to choose advertiser at the beginning of the listing (Hoque and 
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Lohse 1999; Narayanan and Kalyanam 2015). In the context of sponsor search, click-through rate decreases 
with position, suggesting an ad that is higher in the position usually receives more clicks (Agarwal et al. 
2011; Animesh et al. 2011; Ghose and Yang 2009; Jeziorski and Moorthy 2018; Narayanan and Kalyanam 
2015; Simonov et al. 2018). In terms of the conversion rate, researchers have found conflicting results. 
Ghose et al. (2009) find conversion rates are the highest at the top and decrease with rank as you go down 
the search engine results while Agarwal et al. (2011) show that conversation rate actually increases.  
The second context focuses on consumer online information and product search. The fundamental 
difference between this stream of literature and the first stream is that unlike online advertising, online 
search results are usually ordered by their relevance. Over time, consumers might have learned that results 
that are higher in the position are more relevant. Therefore, because of the cost in both time and effort, 
consumers might be more likely to click on higher results because they expect those results are the most 
relevant ones. By using eye tracking experiment, Granka et al. (2004) find that people spent almost the 
same time on the first two searching results. However, this time drops sharply after the second result. Equal 
attention is given to the results that require scrolling down. In addition to these findings, Joachims et al. 
(2005) show that both scan rate and click-through rate decrease with the position, suggesting that people 
tend to read the search results from top to bottom. In addition, they find that even though the first two 
search results receive equal attention, the first link still has a higher click-through rate than the second one 
and even when experimenters manually swapped the order of the first two links. Craswell et al. (2008) 
confirm the existence of “position bias” and a general top-to-bottom searching approach by using 
experiments to rule out other potential mechanisms such as the probability of each position to be clicked is 
the same.  
2.3 Popularity and Position Effect 
By examining the existing research, we find that the literature on popularity effect are not able to take into 
account the position effect. However, consumers can be biased by the position. Consider the online 
environment where we make a purchase or choice, the products are usually listed in some kind of sequence. 
It can be by alphabetic, by relevance or by popularity. Because of the position bias that human has, 
consumers are very likely to select the top few products regardless of how or why they are placed there. In 
the famous music lab experiment conducted by Salganik et al. (2006), the songs in the experiments are 
presented by its popularity. This suggests when a consumer comes to the experiment, the songs they are 
seeing are ordered by its popularity rank. Therefore, people’s choices are confounded in this case because 
we cannot tease out the position effect from popularity effect. In another paper by Tucker and Zhang (2011) 
where they studied the effect of popularity information on people’s choices, we are also not able to cleanly 
control for the position effect for two reasons. First, the experiments were done in different categories. Each 
category can potentially have unobserved characteristics that results in different level of popularity effect. 
The second reason is that position bias was not cleanly teased out. Although control group displayed 
products by its descending popularity while not actually showing this information and treatment group 
displayed popularity information in the descending order, comparing the results from these two lists can 
only eliminate the position effect but not eliminating the interaction effect between position and popularity 
effect.  
While most of the current studies examine either position effect or popularity effect separately, only two 
paper has taken into account both of these effects. Ghose et al. (2014) examine the impact of ranking on 
click-through rate in hotel searching. They find that an inferior rank affects “higher-class” hotel more 
adversely while hotels with lower rating are more likely to benefit from being placed on the top of the screen. 
Ursu (2018) show that hotels are less likely to be clicked if they are ranked lower when controlling for their 
ratings. While both of these papers are studying position effect while controlling for the ratings, our study 
is different in two perspectives. First, our definition of popularity effect only focuses on pre-purchase 
information, while these two studies are using rating, which is post-purchase information. Second, these 
two studies only consider the direct effect of popularity and position, they are not able to study their 
interaction effect. Given the landscape of prior literature, we contribute to the literature by studying 
popularity effect and position effect in the same context, which has not been empirically examined in a 
controlled setting.  
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HYPOTHESES 
Since both popularity and position have significant impact on people’s behavior, we argue that people tend 
to follow a top-down search pattern when these two effects are aligned. In other words, when the popularity 
information is displayed in a descending order (from most popular to least popular, which is referred to as 
“descending popularity” hereafter), which is consistent with the position order, individuals are more likely 
to follow the top-down search approach compared with the situation where no popularity effect is presented 
(which is referred to as “no popularity” hereafter). When both of these effects exist, it strengthens people’s 
top-down search. Therefore, we hypothesize: 
H1a: A descending popularity display will strengthen individual’s top-down search 
pattern compared with no popularity display.  
In the descending popularity condition, popularity effect is confounded with the position effect since they 
are completely aligned with each other. If product’s popularity is randomly ordered (which is referred to as 
“random popularity” hereafter), in which we do not observe any patterns in the display of popularity, we 
argue that people’s top-down search pattern would be weaken since popularity is not reinforcing the 
position effect now. Therefore, we hypothesize: 
H1b: A randomized popularity display will weaken individual’s top-down search pattern 
compared with no popularity display.  
While previous research has shown that both popularity and position effect are influential, we are unclear 
which of these effects is more dominant. However, previous research have suggested that people’s tends to 
follow other people’s decisions and opinion (Anol Bhattacherjee 2001; Bikhchandani et al. 1998), we argue 
that popularity effect should still be stronger than the position effect when we control for position. 
Therefore, we hypothesize: 
H2: Popularity effect is stronger than position effect in the randomized popularity 
condition.  
EXPERIMENTAL PROCEDURES 
We conducted a randomized, between-subject lab experiment by using a mock website as our lab. The 
website mimics real-world music sites where users can listen to songs and add them to playlist. We recruit 
participants on Amazon Mechanical Turk (AMT) as our experiment sample. Participants were told that they 
are evaluating a music website prototype and were not aware of the experiment manipulation till they were 
debriefed.  
Our experiment treatment for popularity consisted of two levels: descending popularity and random 
popularity. In the descending popularity treatment, participants see the songs listed in the popularity order, 
meaning from the most popular to the least popular. In the random popularity treatment, the popularity 
number is randomly displayed. The popularity number is randomly generated for each participant and it is 
not associated with a particular song. Each participant sees a randomly generated list of songs based on 
their music preference. Even if two participants prefer the same genres, the songs are randomly generated 
from our music database and the screen order for each song is also randomized. Participants were not aware 
that the popularity information is randomly generated. The songs in our database are collected from 
independent singers, and our pretest has shown that people are not familiar with these songs. Participants 
were randomly assigned into one of the experiment conditions and they were not aware of the existence of 
other conditions. Participants stayed in the same condition throughout the study. The experimental 
procedure for all of our studies is the same. It consisted three main tasks, all of which were performed using 
our mock website on their personal computer.  
Task 1. Indicate Music Preference. Subjects were told that they were evaluating a prototype for online music 
website. After the welcome page, subjects were shown a list of 12 music genres and were asked to indicate 
their preference for each genre on a 1-7 scale. Based on their answers, 6 well-known songs/music from their 
top 2 favorite genres were shown. Subjects were asked to indicate whether they knew the music and to rate 
them on a 1-5 scale if they knew it. The objective of this task is to ensure the participants believe we are 
using this information to find a user who has similar music taste as them, which would determine the total 
amount of extra bonus they would get ( in the end, participants receive the same amount of bonus because 
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we are not really trying to measure their performance. We use extra bonus to motivate them to be more 
serious with the experiments). We also use the results from this task as a manipulation check for making 
sure the participants are knowledgeable about the genre, they claim they liked the most.  
Task 2. Music Listening.  After completing task 1, participants were directed to an “objective” page. They 
were given the instructions for completing task 2. Participant were told to choose the music they like the 
most as our system had matched them with an existing user who has similar music preference as them. The 
higher similarity between participant’s playlist which is created at the end of task 2 and the existing user’s 
playlist, the higher bonus they would get at the end of the experiment. Since participants were only matched 
with one user, they should not be choosing what other users might choose unless they were popularity 
driven.  Subjects were provided with a list of 24 songs, and 12 songs can be displayed on the screen so that 
participants have to scroll down to see the rest 12 songs.  They could listen to the song by clicking its name. 
If they liked the music, they could add it to their playlist by clicking on “+” button. Depending on the 
condition, the participants may or may not see the popularity information. Participants were required to 
add at least 3 songs to their playlist. Before they submitted their playlist, they were told to confirm the music 
in their playlist were ordered by their preference.  
Task 3. Survey. Participants completed a short exit survey that include questions on demographic 
information and their music listening patterns at the end.  
ANALYSIS AND PRELIMINERY RESULTS 
Study 1: Popularity and Position Effect Aligned 
In study 1, we examine people’s search behavior by using the treatment condition where popularity is sorted 
from high to low (descending popularity) and the control condition where no popularity information is 
presented. In the descending popularity condition, popularity information is confounded with position, 
therefore popularity effect is the same as position effect in this condition. We choose to analyze position 
effect because control condition does not have any popularity effect in it. After removing participants who 
failed attention check and manipulation check, we have sixty-four participants. The experiment procedure 
is similar to what we have described in the previous section. We tested the treatment effect using heat map 
regression. Table 1 provides the definition for three important variables that we will use for all the analysis. 




The rank in which songs are displayed on the screen. A display rank of 1 means the 
song is listed on the top of the screen and 24 means the song is listed on the bottom 
of the screen.  
Click Rank (CR) The rank in which individuals click on songs. Click rank equals 1 means it was the 
first song the subject listen to, and 2 means the second listened song, etc. 
Popularity Rank 
(PR) 
The rank in which the songs are ordered in their popularity. A popularity rank of 1 
represents the song is the most popular and 24 means the song is the least popular.  
First, we use heat map to plot the count matrix of participant’s sampling behavior in each condition. The 
column corresponds to the user’s click rank and the row corresponds to either display rank. Each cell (click 
order= i, display rank = j) represents the total number of participants who clicked on the song that has 
display rank of j on their ith click. The darker the color, the more people are in that cell. Figure 1 suggests a 
strong position effect in both conditions while position effect is slightly stronger in descending popularity 
condition.  
Second, we used logit regression to further explore the position effect. Our dependent variable is a binary 
variable “click”, indicating whether a song was clicked or not. The independent variable that is of interest is 
display rank (DR). We include a dummy variable which equals to 1 when it’s treatment condition and 0 
when it’s control condition. Other control variables are also included in the analysis (age, gender, job, 
education). The results in Table 2 show that there is a strong interaction effect (p<0.05), suggesting that 
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people in the descending popularity condition is more likely to click on the songs that is higher in display 
rank than control condition, confirming hypothesis 1A.  
 
 
Figure 1. Heat Map Analysis 
 
Study 2: Popularity and Position Effect Not Aligned 
In study 2, we examine people’s search behavior by using a treatment condition where popularity is 
randomly sorted (random popularity) and a control condition where no popularity information is 
presented. After removing participants who failed attention check and manipulation check, we have sixty-
four participants. The experiment procedure is similar to what we have described in the previous section. 
We tested the treatment effect using heat map and logit regression. 
Figure 2 shows that the position effect is a little stronger for the control condition given that popularity 
information is no longer aligned with position. Our logit regression analysis shows that position effect is 
strong for both conditions, however it is stronger for the treatment condition, confirming our hypothesis 
1B. To further understand the influence of popularity effect in the random popularity condition, we ran a 
second regression with the same dependent variable but include popularity rank as another independent 
variable. Our result suggests that display rank and popularity rank both have an effect on participant’s 
choice. However, the effect is much stronger for position than for popularity.  This is different from what 
we have hypothesized in H2, therefore H2 is not supported.  
 
Figure 2. Heat Map Analysis 
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Table 2. Results Table 
 Study 1 Study 2 
 Click Click Click  
(Treatment Only) 


































Popularity Rank   -0.047** 
(0.023) 
Popularity Rank *  
Display Rank 
  -0.00051 
(0.0016) 
Observations 2448 2688 1344 
Log Likelihood -926.76 -1156.79 -606.35 
Standard errors in parentheses 
* p < 0.05,  ** p < 0.01, *** p < 0.001 
CONCLUSION 
In this study, we integrated the research on popularity effect, and position effect to understand how 
consumers search for music when music is not sorted and listed by its popularity. Our results suggest that 
people follow a stricter top-down search pattern when popularity information is in descending order 
compared with control condition. People in the random condition shows a weaker top-down search pattern 
than control condition because of the randomization of popularity. Therefore, popularity effect is 
overestimated in the descending popularity condition, which is usually the default setting for most websites. 
If it were not overestimated, we would have seen that popularity effect is stronger than position effect in 
the random popularity condition.  
Our preliminary results are counterintuitive because research in observational learning has shown that 
people are more likely to follow other’s decision, however our results do not support hypothesis 2. One 
possible explanation for why popularity effect did not overcome position effect in our study is that the cost 
for sampling popularity effect is too high. Since people has the natural tendency to search from top to 
bottom, if the cost for searching the popular music is too high, people are not willing to pay this extra cost. 
In addition, music is a taste-related product. If the cost for following other people’s decision is too high, 
people might be more willing to simply search by the lowest cost option. As a future research, we plan to 
exploit the randomization of popularity information by decreasing the cost of finding a popular song. We 
expect that if the cost to search for popular songs decreases, popularity effect would be much stronger than 
our current study.  
This paper has made contributions both theoretically and practically. Theoretically, we show that popularity 
effect is weaker than current research has suggested, and future research should take into account position 
effect. Otherwise, the observed popularity effect can be overestimated. Practically, our results imply that 
online platforms should randomize their product display so that each product can have equal visibility. In 
addition, policy makers should pay attention to the power that platforms have in influencing consumers’ 
decision making.  
We plan to extend this study in the following ways. First, we plan to conduct more analysis by using ranked-
ordered logit, quantile regression and fixed effect. Our current model only accounts for logit regression. 
Second, since our data is very rich, we plan to conduct a two-stage model by examining the effect of 
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popularity and position effect on people’s choices for their playlist creation. We plan to finish these analyses 
by 2019 ICIS.  
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